Avoidance of structural alerts (SAs) might reduce the risk of failure in drug discovery. However, there are still some marketed drugs containing SA, which indicates that SA should be analyzed carefully to avoid their excessive uses. Several detection systems, including automatic mining methods and expert systems, have been developed to identify SA. These methods only focus on toxic compounds that support the SA without consideration of nontoxic ones. Here, we proposed a frequency-based substructure detection protocol that learns from the nontoxic compounds containing SA to get nontoxic substructures (NTSs), whose appearance will reduce the probability of a compound becoming toxic. Kazius and Hansen's Ames mutagenicity dataset was used as an example to demonstrate the protocol. SARpy and ToxAlerts were first employed to obtain the potential SA. Then 2 kinds of NTS were exploited: reverse effect substructures (RESs) and conjugate effect substructures. Contribution and prediction performance of the substructures were evaluated via neural network and rulebased methods. We also compared substructure-based methods with the conventional machine learning-based methods. The results demonstrated that most substructures contributed as supposed and substructure-based methods performed better in the resistance of overfitting. This work indicated that the protocol could effectively reduce the false positive rate in prediction of chemical mutagenicity, and possibly extend to other endpoints.
The occurrence of some substructures in a molecule, especially highly active functional groups, may result in certain toxicity. These substructures are regarded as structural alerts (SAs), representing high risk of the involved compounds (Ashby and Tennant, 1988) . Detection of SAs is helpful in drug discovery because avoiding these SA may reduce the potential risk of druginduced side effects, which is one of the primary causes of drug failure (Waring et al., 2015) . Currently, methods for detecting SA can be classified into 2 categories: knowledge-based and datadriven statistics-based. The former, also called export systems, such as Derek Nexus (Ridings et al., 1996) , Genetox Expert Alerts (LeadScope, 2017) and HazardExpert (Smithing and Darvas, 1992) , is widely applied in both industry and academia (Dobo et al., 2012; Mombelli, 2008) . The latter learns the rules from known data with cheminformatics tools, graph theory, and statistics algorithms .
The statistics-based automatic detection can be divided into 2 steps: (1) molecular representation and fragmentation; (2) assessment of substructures. MoSS (Borgelt and Berthold, 2002) and Gaston (Nijssen and Kok, 2004) utilize graph theory to describe molecules as graphs where atoms are vectors and bonds are edges, and quickly obtain highly frequent subgraphs representing substructures. SARpy (Ferrari et al., 2013) represents molecules as SMILES and employs an algorithm to incise them into substrings which represent different substructures. Ahlberg et al. (2014) used Atom Signatures as molecular descriptors and employed a tree-like algorithm to mine the substructures. Some predefined molecular fingerprints such as MACCS (Durant et al., 2002) , PubChem (Wang et al., 2009) , and Morgan (Rogers and Hahn, 2010) can also describe substructures. These fingerprints are originally designed to calculate chemical similarity and build quantitative structure-activity relationship (QSAR) models. But their easy-to-compute advantage makes them popular in identification of SA (Cortes-Ciriano, 2016; Lei et al., 2016; Li et al., 2014) . To extract significant substructures, one always compares the occurrence of a substructure in toxic set and nontoxic set. Likelihood (Ferrari et al., 2013) , growth rate (Bertrand et al., 2012) , p-value (Ahlberg et al., 2014) and enrichment factor are the main assessment metrics that quantify the importance of a substructure. Our group developed a more complicated method that employs information gain (IG) to rank substructures, which considers both the accuracy (ACC) and coverage rate of a substructure (Shen et al., 2010) .
With the development of chemical informatics and large databases, automatic detection of SA becomes competitive to knowledge-based expert systems. Recently, the SA detection methods have been widely applied in toxicological endpoints (Yang et al., 2018) , such as carcinogenicity (Golbamaki et al., 2016) , mutagenicity (Kazius et al., 2005; Metivier et al., 2015) , hERG inhibition (Zhang et al., 2016) , drug-induced liver injury (Liu et al., 2015) , oral acute toxicity (Lei et al., 2016; Li et al., 2014) , and endocrinal disrupting Du et al., 2017) . These detected patterns are helpful in prediction of potential toxicity and critical substructures. In drug discovery, avoidance of these SAs is sensible. For toxicologists, the predicted SAs are helpful in exploiting the mechanism.
However, the value of SAs as good predictors is also questionable. Many marketed drugs contain the so-called "reactive metabolites" whose occurrence may cause idiosyncratic toxicity but in fact they are nontoxic (or safe enough) compounds (Kalgutkar et al., 2014) . In addition, 2 subtly different molecules with the same SA may present divergent toxicities (Kalgutkar et al., 2014) . If we avoid all compounds with potential SA, a part of valuable chemical space in drug discovery will be blanked. To rescue the loss caused by the "false positives", a reasonable way is to limit the over-exaggeration of SA and enhance the mechanism of structure-toxicity relationship. It does not mean that the automatic mining SA is impracticable; instead, we should take full advantage of the "big data" from the toxicological experiments. Some of the false predictions are caused by the insufficient training data on both quality and quantity, or caused by the inner defect of rule-based data-mining systems. On the other hand, these false positive predictions are also a useful resource to improve the SA detection system. Therefore, in this article, we proposed a new strategy to avoid potential toxicity risk based on the assumption that some substructures may affect the impact of certain SAs and thus "neutralize" the toxicity of compounds. The protocol is to learn from the nontoxic compounds which contain the SAs and get second-level rules that can guide the modification of alerted compounds. In addition, we demonstrated a novel approach that uses neural network (NN) to evaluate the SAs and nontoxic substructures (NTSs). Ames mutagenicity dataset was used as an example to illustrate the protocol in this study because SAs of this endpoint were well developed.
MATERIALS AND METHODS
Data collection and preparation. In this study, a combination of both Hasens' benchmark (Hansen et al., 2009 ) and Kazius' Ames mutagenicity data (Kazius et al., 2006) was used as training set to detect and select the SAs. Hansens' benchmark contains 6512 unique compounds, 3503 of which are positives. Kazius' dataset contains 4069 unique compounds and 2294 of which were mutagens. The 2 datasets were well-prepared with removing mixtures and counterions. Therefore, we merged the 2 dataset, removed duplicates and contradictory pairs after standardization of the molecules. Compounds with different charges, different tautomers and stereoisomers were considered to be duplicates. Finally, the molecules were represented as canonical SMILES format by Open Babel (O'Boyle et al., 2011) . To evaluate the performance of predicting SAs and NTSs, we employed an external validation set collected from literature (Kirkland et al., 2005) . The overlapped compounds were removed from the external validation set. The chirality of the compounds was reserved and all the molecules were also represented as canonical SMILES format.
Generation and refinement of SAs. SARpy (Ferrari et al., 2013) was employed to mine potential SAs from the training set. Then ACC rate and IG of each potential SA (substructure) were calculated as following.
Supposing a compound can be categorized as mutagen or nonmutagen based on the binary property X, X should have 2 possible values (1 means mutagen and 0 means nonmutagen). ACC is the rate between the number of mutagens that contain a certain substructure T and the number of all compounds that contain the substructure (Equation 1).
ACCðTÞ ¼ PðX ¼ 1jtÞ
( 1) where "t" denotes the existence of a substructure T. IG is more complicated as it is based on entropy theory and widely applied in statistics and data-mining methods. In the training set, the probability of a molecule in mutagen group P(X ¼ 1) is represented as p 1 , and the probability of nonmutagen group P(X ¼ 0) is p 0 . The information entropy of X is
A SA T will separate the dataset into 2, molecules that contain the SA defined as t and molecules that exclude the SA defined as t. Then the information entropy of X under the SA T becomes:
where P(t), the prior probability of a compound having structure alert T, is calculated as the percentage of compounds in the whole dataset with T. For example, if 20 of 100 compounds contain a substructure T, we can calculate that P(t) ¼ 0.2 and P( t) ¼ 0.8. If 16 of the 20 compound are mutagens,
The IG value is the difference of information entropy before and after separation by T.
IGðTÞ ¼ HðXÞ -HðXjTÞ
After calculating the ACC and IG values of potential SAs mined by SARpy, we set a threshold to filter out insignificant substructures. ACC should be higher than 0.667 and IG should be higher than 0.002. These 2 thresholds were determined by our experience on previous SA studies.
The remaining substructures were refined based on the SAs in ToxAlerts (Sushko et al., 2012) with the following principles.
(1) For the substructures that were similar to those in ToxAlerts, if ToxAlerts had more general substructures, we would replace the original substructures with those in ToxAlerts. (2) Some of the substructures mined by SARpy were doubtful according to our experience and were not listed in ToxAlerts. Then, we extracted all the supportive compounds and manually detected whether it was possible to be a SA. For example, ethylnaphthalene and biphenyl can be detected as SA for their high occurrence in mutagens. However, we found that these substructures were matched to compounds with fused rings, which are the real SA for mutagenicity. We tended to remove these doubtful substructures and generalize the potential SA to make them representative for the next step.
Identification of NTSs.
A NTS is defined as a substructure that is included in more nontoxic compounds than in toxic compounds with respect to a certain SA. There are 2 kinds of NTS ( Figure 1A ): (1) Reverse effect substructure (RES) is defined as a substructure that is derived from the corresponding SA but presents more in nontoxic compounds than in toxic ones. These substructures are complementary to the corresponding SA to reduce the false positive rate, and more importantly, they can be used in lead optimization by replacing the SA in the compound. (2) Conjugate effect substructure (CES) is defined as the substructure that appears with the corresponding SA and occurs more frequently in nontoxic compounds than in toxic ones. The occurrence of CES may cover up the function of the SA and make it nontoxic. Only the substructures around the corresponding SA within 3 bonds were considered as a potential CES. Figure 1B illustrates the definition of topological distance in a molecule. The nitro group is 4 bonds away from the methoxyl group since the highlighted atoms N-O is the shortest path between the 2 functional groups.
To obtain NTSs, we firstly prepared the dataset in which compounds contained a certain SA. Gaston (Nijssen and Kok, 2004) was then employed to mine all the frequent fragments in the dataset. The size (number of heavy atoms) of the substructures was limited to x þ 8, where x is the size of the SA. For RES, substructures not derived from the SA were removed, whereas for CES, only those not derived from the SA were conserved.
The occurrence frequencies of the remaining fragments in toxic compound set and nontoxic one were counted, respectively. We used the ratio between the negative frequency and positive frequency to rank the substructures (Equation 7), and those with ratio < 2 were removed.
Evaluation of substructures via NN. A NN can be considered as a function that maps the features of a compound to its label (toxic or nontoxic). In this study, the features were the occurrences of SA and NTS. A hidden layer between the input and output layers was employed to extract the information from the features ( Figure 2 ). The number of neurons in the hidden layer was optimized as a hyper-parameter from 5 to 50 in terms of the ACC in 5-fold cross-validation. The parameters in the network were refined by the known compounds using gradient descent optimization and back-propagation algorithm. The hyperparameters were finally dependent on the ACC of the model in training set. After construction of the NN, we used a unit matrix, which means each compound has one substructure and each substructure belongs to one compound, to evaluate the contribution of each substructure to the final predictive toxicity. To make the divergence more significant, we used z value (Equation 8) of each substructure as score to evaluate the contribution.
where W 2 and b 1 are respectively the weights and bias between the input and hidden layers. W 2 and b 2 are the weights and bias between the hidden and output layers. I is a unit matrix. A positive z value indicates that the SA contributes to the toxicity of a compound in the NN model as we supposed. A negative z value of a NTS is also expected for its contribution to the "nontoxicity" of the compound. We employed another index, cz, meaning corrected z, to unify the signs. For a SA, cz ¼ z, and for a NTS, cz ¼ Àz. Hence positive cz was expected for both SA and NTS.
Performance evaluation. Without the detection of NTS, the predicted toxicity of a compound depends on whether it contains a SA. A compound with at least one SA is regarded as positive, and it will be a true positive if the compound is toxic, otherwise false positive if the compound is nontoxic. The total number of all true positives was marked as TP. Similarly, the true negatives (TN), false positives (FP), and false negatives (FN) were counted. After the detection of NTS, a positive compound is defined as a compound that has at least one SA without any of its corresponding NTS (Figure 3) . Otherwise, the compound is predicted as negative. Then we used precision (also called positive predictive value, PPV), true positive rate (TPR), true negative rate (TNR), negative predictive value (NPV), and balanced accuracy (BA) to evaluate the performance before and after the detection of NTS. The metrics are defined as following equations: TNR
In addition, we evaluated the prediction performance of the substructure set filtered by NN, in which SAs with z < 0 and NTS with z > 0 would be removed.
RESULTS

Dataset Analysis
In this study, totally 6746 compounds were obtained from the combination of both Hansens' benchmark (Hansen et al., 2009) and Kazius' Ames mutagenicity data (Kazius et al., 2006) , in which 3629 ones are mutagens and the other 3117 are nonmutagens. An external validation set was collected from literature, containing 150 compounds, in which 77 are positives and 73 are negatives (Table 1) . The average molecular weights of the datasets were 247 6 134 and 270 6 200, respectively ( Figure 4A ). In order to make sure the SAs we used were qualified to predict the toxicity of external validation set, we investigated the chemical space by calculating the molecular weight and Alogp values of the compounds. The distribution scatter diagram ( Figure 4B ) showed that molecular weight distributions of the 2 datasets were similar and their chemical space overlapped mostly. Figure 1) . Similar SAs were merged and finally, we obtained 21 SAs represented as SMARTS format, shown in Table 2 . These SAs were categorized into 2 groups, active functional groups and polycyclic aromatic systems. In total 13 of them were active functional groups, containing nitrogen, oxygen or halogen; whereas the rest 8 were polycyclic aromatic systems, such as phenanthrene, anthracene, chrysene, and quinoxaline.
Structural Alerts
Nontoxic Substructures
18 RESs were detected corresponding to 6 SAs. All the 6 SAs were active functional groups. All these RESs and their relationships with corresponding SAs were illustrated in Figure 5 and Supplementary Table 1. Aromatic amino group was considered as a typical SA not only in carcinogenicity, mutagenicity, but also in drug-induced liver damage, because the amino group acted by aromatic group that can be transformed into nitrogen ions to be highly active and react with DNA (Cheeseman et al., 1999) . From the results of RES detection, we found that 2-amino pyrimidine, anthranilic acid, para aminobenzoic acid, sulfanilamide, m-[S]-aniline ([S] means functional groups that contain sulfur atoms) and their derivatives were not mutagens. Halogen derivatives are potential mutagens since they are easy to react with proteins or DNA in cells. In total 6 of the 36 SAs defined by Ashby are relevant to halogen according to Chemotyper (Yang et al., 2015) . From the results, we could see that t-butylbromine and carboxyl group or fluorine bonding to b-carbon are mostly nonmutagens. Though most of oxirane and aziridine derivatives are mutagens, we found that long hydrophobic carbon chains bonding to oxirane are nonmutagens. This may explain why some of the macrolide and sterols drugs that contain oxirane are not detected as mutagens, such as Eplerenone (Pfizer, 2007) and Natamycin (Mattia et al., 2001) .
Azo and azobenzene are relevant SAs. The former can match more compounds but arouse more false positives. The latter is specific and has high ACC rate. Two RESs were detected to be derived from azo group and occurred more frequently in nonmutagens. Heteroatom-bonded heteroatom as a SA was detected by Kazius. Hydroxylamine and methoxyamine occupied most of the alerted compounds. They can react with adenylate and cytosine that may contribute to the mutation (Singer and Ku smierek, 1982) . From the RES detection, we found that if the hydroxyl bonded nitrogen is not bonded with hydrogen, the compounds may be nonmutagens. Nitro group is a common mutagen for its high reactivity. The results showed that, when a large group with steric hindrance such as t-butyl group occupied the ortho-or meta-position against the nitro group, it may not induce mutation. These results are helpful for guiding the modification in molecule design.
In total 201 CESs corresponding to 7 SAs were detected and selected. (Supplementary Table 1) . The same as RES, their corresponding SAs were all actively functional groups. Some of the CESs shared the same knowledge with RES. For example, as shown in Figure 6A , formate (CES_51, 52, 53) is a kind of CES corresponding to aromatic amino group (SA_1) and shares 2-aminobenzoate (RES_226). Similar with the issue in detection of SA , the automatically detected CES may be redundant. CES_70, 71, 76, 77 may share the same mechanism and support molecules, and we cannot decide which is more rational with the statistics results. We extracted the 16 support molecules to validate the CESs and found that most of these molecules have a para-or ortho-ester group to the aromatic amino group except for compounds 1 and 2 (Supplementary Figure 2) . First, it confirmed that the benzoyl group is a key substructure making the aromatic amino group nontoxic. In addition, the other 2 supportive molecules illustrated that the benzoyl group may not necessarily directly link or cover the aromatic amino group. The existence of the functional group might affect the metabolism of aromatic amino group leading to the nontoxicity.
Contribution of Different Substructures
In the past, the automatic SA detection methods adopted frequency analysis, which calculated the occurrence of a substructure in the dataset. These methods ignored the interactions between 2 SA candidates and other substructures that may neutralize the toxic effect of a compound. To consider the synergetic effects of different substructures, a NN was built to evaluate the contribution of each substructure to the compound. In the NN, each substructure was used as an input node that would affect the prediction of a compound. Their weights towards the hidden nodes can be considered as the contributions of the substructures. The number of neurons in the hidden layer affected subtly on the performance of the predictor (Supplementary Figure 3) , and we selected the best model, in which the hyper-parameter was 21, to calculate the z values for evaluation of the substructures.
The z values of all substructures were shown in Figure 7A . The index of each color lump, calculated by the row and column index, maps to the sequence number of each substructure. The first 21 substructures were SA and the color maps showed that most of the substructure contributed positively to the toxicity of the compounds. The last 18 substructures were RES and the color of these substructures were darker than the others (CES), indicating that RES contributed more on the nontoxicity and was more reliable compared with CES. The statistics results of all the substructures were shown in Figure 7B . In total 17 of the 21 refined SAs had positive cz values. For RES, 17 of 18 were positive. 137 of the 201 CESs had positive cz values. In total 171 of the 240 substructures (71.2%) contribute as expected.
The heatmap shown in Figure 7A indicated that some of the SAs and NTSs did not contribute to the predicted toxicity as supposed in frequency analysis. In other words, when we considered the occurrence of other substructures, this SA or NTS may not significantly affect the toxicity of the compound. In most cases, it is caused by the redundancy. When 2 substructures are similar, in frequency analysis the roles of the substructures are also similar since they are independent to each other, but the NN model might increase the weight of the more important one and punish the other.
Performance of the Predictive Models
For the training set, the performance of the prediction models with SA and NTS was summarized in Table 3 . The 21 SAs could recall 74.3% mutagens and the precision was 76.2%. When NTS was added in the SA model, the TPR decreased and PPV increased. With RES, the number of false positives decreased 105 and the number of true positives decreased only 13. Further considering CES (RES þ CES, ie, the NTS model), the number of false positives further decreased 45 and the true positives decreased only 10. The results illustrated that NTS would have advantages in prediction. When compared with the RES model, CES could avoid more false positives while lost more true positives. The "NN filtered" model was based on NTS model and deleted the substructures whose contribution in the NN was not the same as supposed, ie, cv < 0. The results showed that these about 70% substructures performed similar to the NTS model.
For the external validation set, 3 SA-based prediction models and a machine learning (ML)-based model were compared as shown in Table 4 , ie, the SA model, the SA adding NTS, NN filtered substructures, and the support vector machine (SVM) model which is built in our previous work on mutagenicity prediction (Xu et al., 2012) . All the models output lower TPR and similar PPV comparing the performance on training set. The tendency was similar to the performance in training set. The NTS increased the PPV and the TRP was decreased subtly. As for SVM model, the number of false positive compounds was lower compared with SAs model and the TPR was also unsatisfactory. The performance of SVM was worse in both TPR and PPV compared with NTS model. Comparing the performance of the 4 models with this dataset, we found that the NTS model performed best in both TPR and PPV. Although the NN filtered models did not improve the prediction performance since its PPV increased but TPR reduced, it decreased the number of substructures and made the model simpler.
DISCUSSION
Identification and Selection of SA In our previous study, we compared different methods and tools for SA identification . Two of the tools, SARpy and Gaston, were used in this study to detect SA and NTS. SARpy is excellent in prediction performance. With likelihood as rank index and SMILES mining, SARpy only output substructures in a complete ring or nonring functional groups with high accurate (occurring infrequently in nontoxic compound set). Gaston is powerful for its efficient substructure generation and can obtain many highly frequent substructures. So the structural space is more abundant than using other mining method such as fingerprint-based systems.
However, the automatically identified SAs cannot be directly used to further detect NTS, because: (1) some of the identified Figure 6 . A, The RESs and CESs corresponding to the SA-aromatic amino group. B, The compounds containing CES whose benzoyl group was not at the para-or orthoposition to the aromatic amino group.
SAs were similar or even redundant; (2) some of the SAs were not general enough to be used for detection of NTS with limited negative compounds; (3) over-specific SAs might lead to "overfitting" in prediction. In this study, we took 2 steps to refine the substructures. The first step was to use chemical knowledge and expert knowledge. Based on the substructures mined by SARpy, we manually removed some common substructures. For example, ethylnaphthalene, whose likelihood ratio was 4.08, was removed because all the support compounds of the SA contained "fused rings", which were the major cause of the mutagenicity and had been included in the SAs. The next step was to use statistics metrics to evaluate the substructures. IG was used to quickly rank the contribution of each potential SA. Substructures with high ACC but low IG would not be ranked in high position.
A good SA should not only have high ACC, but also be meaningful in chemistry. Similar substructures with the same "core" should be refined to avoid redundant. For example, oxirane is a verified SA for its electronic activity and benzene bonded oxirane was detected as a potential SA by SARpy. It was hard to assert whether the benzene is an important functional group that affects the metabolism of oxirane resulting in the toxicity. Referring to the literature and ToxAlerts, we finally removed the benzene bonded oxirane from the SA list, regarding oxirane as the primary SA.
Advantage of NTS Detection
Detection of NTS has irreplaceable advantages as following:
(1) it expands the ways to avoid potential toxicity brought by SA in drug discovery; (2) it helps reveal why many compounds with SA are nontoxic; (3) it enriches the feature space for SA-based prediction models. In drug discovery, toxicity is one of the major problems to cause drug failure in development. When a lead compound is alerted for its risky substructures, developers have to validate it with in vitro or in vivo test. In most cases, developers will abandon the compound to de-risk failure despite of the high activity of the compound. Identification of NTS is a new strategy for developers to optimize the lead compound and make it nontoxic through adding a CES or replace the SA with a RES.
All the previous work on SA detection focused much on the toxic compounds and their structures, and attempted to mine the "most accurate" substructures that related to the toxicity. But the automatic detection systems have the common disadvantages: (1) large number of substructures will be detected that are always redundant; (2) in term of the goal of obtaining highly accurate substructures, the detected SAs tend to be too specific, which may lead to higher data dependency of training set and lower interpretability. Therefore, in this study, we focused on negative compounds and attempted to reveal the mutagen and nonmutagen on mechanism. This new direction may complement the disadvantages of current SA prediction models and detection methods.
In addition to chemical mutagenicity, this protocol can also be used in other endpoints. For example, arylbromides were detected as SA of acute oral toxicity by frequency analysis and deep NN Xu et al., 2017) . However, there are still many compounds with little or no acute oral toxicity containing these substructures. After detection, we found that 5-bromopyrimidine, o-or p-methoxybromobenzene occur more frequently in nontoxic compounds (Supplementary Figure 4) .
Comparison With ML Methods
SAs to predict chemical toxicity can be seen as a rule-based ML method, since the core of SA is "the occurrence of any SA indicating high risk of toxicity". The aim of SA from the aspect of performance is also similar to ML, ie, high sensitivity, specificity, ACC, and larger applicability domain. However, they are different in the following aspects. (1) The emphasis: ML methods generate black box models, of which the goal is to maximize the performance (the metrics mentioned ealier). Comparatively, SA models are more interested in interpretability so that the rules can be used to support the lead optimization for drug discovery or alert for chemical industries. (2) The concept of rule: SA is supposed to be a key functional group that may lead to toxicity and be related to the mechanism of action, while in ML the rule can be anything represented by digital variables. The inspiration of NTS comes from the decision tree and decision rules. In conventional SA models, molecules containing at least one SA are regarded as of high risk. However, SA as a predictive model is too simple to have high performance. The occurrence of a SA cannot ensure the toxicity of this compound especially when it depends on metabolism in body. Thus, we intended to extend the conventional SA models while keeping the interpretability. We believe the concurrence of some substructure may change the metabolism of the "risk molecule" and make it nontoxic. All the NTSs we detected were corresponding to SAs of functional groups, which inferred that the NTSs may only affect the metabolism-induced SAs. For compounds that may directly destroy DNA or other biological unit, adding a functional group can rarely deactivate or reduce the toxicity from the result of the study.
Nevertheless, ML methods are still important in toxicity prediction. SA and ML should be integrated in prediction of chemical toxicity, and SA as a hypothesis of toxic mechanism should be confirmed by QSAR models or even be validated via experiments (Alves et al., 2016) . The new strategy we proposed here combines the 2 methodologies, ie, using decision tree to extend SA and using NN to evaluate the SA. SA-NTS models are supposed to be a complementary method to ML models, which can be used for drug discovery or environmental protection. Furthermore, to make in silico models both accurate and interpretable, we should also combine the expert knowledge (in biology and toxicology), cheminformatics, statistics, and ML methods.
CONCLUSIONS
In this article, we introduced a new protocol to detect SA. In addition to the substructures with high frequency in toxic compounds, we detected the NTSs which are associated with a common SA and occur more frequently in nontoxic compounds. When compared with the conventional methods of detecting high ACC substructures, using NTS is more meaningful for molecular design and toxicology research. To evaluate the significance of each substructure, we used a NN model to calculate the contribution of each substructure via z-value. When compared with conventional assessment methods or metrics, the NN model appraises from a global view, considering the correlation among the substructures. About 70% of the substructures we detected got positive corrected z-values, indicating most of the identified NTSs reached the expectation, while misidentification and redundancy are still inevitable. The evaluation results demonstrated that SA-based prediction model is competitive to the modern ML methods for their less data dependency. NTS model also performed the best in external validation set, indicating that the conventional SA detection methods are still confronted with risk of overfitting. Identification of NTS cannot only improve the predictive performance of SA, but more importantly it can offer alternatives for molecular design and mechanism studies in toxicology.
Nevertheless, there are still some limitations in this study. (1) The process of SA refinement was interfered by human knowledge and expert systems. (2) Detection of NTS requires large datasets in which the substructures can significantly present. Endpoints with smaller datasets such as skin sensitivity and drug-induced liver injury may not be suitable at present. (3) Since our purpose was to mine NTS, in this study, we tended to catch the most significant SAs during refinement and discarded some specific SAs with high ACC, which would reduce the prediction performance. The concept of NTS is a complement to SA to avoid false positive in prediction of toxicity. For the SAs that cannot mine NTS, they should continue to be used for prediction of toxicity and be avoided during drug discovery.
SUPPLEMENTARY DATA
Supplementary data are available at Toxicological Sciences online. The test set for the SVM model was different from the others. The overlapped compounds in the training set of the model were removed from the test data.
